I. Introduction
Does superior health enable individuals to command higher wages? This question has spurred research in both labor and health economics, and consequently led to the identification of two major channels of interaction. First, health as part of human capital may positively affect labor market productivity and hence wages. Second, as Grossman (2001) points out, if marginal benefits of investment in health increase with the salary, health should rise with wages. Thus, reverse causality may lead to biased estimates of the health effect. A number of further challenges need to be considered: while inaccuracies in assessing health status may introduce bias due to measurement error whenever self-reported health satisfaction is used in the estimations, another problem that remains unappreciated in most earlier Research (DIW) . [Submitted February 2007; accepted December 2008] ISSN 022-166X E-ISSN 1548-8004 ᭧ 2010 by the Board of Regents of the University of Wisconsin System studies is nonrandom sample selection. Since labor market participation is endogenous and health status is one of the influences driving selection, failing to apply selection correction methods may result in inconsistent estimation. Finally, an issue particularly relevant in the health context is unobserved heterogeneity. Whenever unobserved factors such as genetic endowment are correlated with health, the use of panel data techniques to account for omitted variable bias is called for.
The impact of health on wages has been studied using a variety of econometric approaches, accounting for the above problems to different extents: Gambin (2005) investigates the relationship between health and wages for 14 European countries employing fixed (FE) and random effects (RE) estimation. She proposes that for men, self-reported health has a greater effect than for females, while in the case of chronic diseases the opposite holds true. An econometric model that accounts for the simultaneous effects of health and wages in a structural multiequation system has been suggested by Lee (1982) . His approach is based on a generalized version of Heckman's (1978) treatment model. Using a cross-sectional sample of male U.S. citizens, he finds that health and wages are strongly interrelated, that is, wages positively affect health and vice versa. In a similar vein, Cai (2007) estimates a multiequation system using cross-sectional Australian data and finds health to have a positive effect on wages once endogeneity is accounted for. He also finds that there is no endogenous selection present in his data. Haveman, Wolfe, Kreider, and Stone (1994) estimate a multiple equation system for working time, wages, and health, employing generalized method of moments techniques on panel data. They find that in the male U.S. population poor health affects wages negatively. The effect of self-assessed general and psychological health on wages is at the core of Contoyannis and Rice's (2001) study using the British Household Panel Survey. They apply FE and RE instrumental variable estimators and conclude that reduced psychological health decreases male wages, while positive self-assessed health increases hourly wages for women. While each of these papers tackles at least one of the mentioned econometric issues, to our knowledge there is no study that accounts for unobserved heterogeneity, nonrandom sample selection, and endogeneity in one framework.
In order to fill this gap, we utilize a recently developed estimation method proposed by Semykina and Wooldridge (2006) , which extends Wooldridge's (1995) method of testing and correcting for sample selection in fixed effects models. The latter estimator has been contrasted with alternative methods proposed by Kyriazidou (1997) and Rochina-Barrachina (1999) in an application to female wage equations by Dustmann and Rochina-Barrachina (2007) . While Kyriazidou's (1997) estimator implies homoskedastic idiosyncratic errors over time, Rochina-Barrachina (1999) does not rely on this assumption. The drawback of her method, however, is that it assumes joint normality of the error terms in the probit and the main equation. Wooldridge's (1995) method relies on standard probit estimates for each year in order to calculate annual inverse Mills ratios (IMRs) and explicitly models the conditional mean of the error terms in the main equation. Its advantage over the other models that have been suggested is that it does not rely on any known distribution of the errors in the equation of interest, and allows them to be time heteroskedastic and serially correlated in an unspecified way. One approach to expanding these three estimators to account for nonstrict exogeneity and measurement error is presented in Dustmann and Rochina-Barrachina (2007) . Similarly, Semykina and Wooldridge (2006) enhance Wooldridge's (1995) estimator and demonstrate how to test and control for sample selection in a fixed effects model with endogeneity. The reason we choose to adopt the Semykina and Wooldridge (2006) approach in this paper is that, other than the alternative methods, it allows for time heteroskedasticity and autocorrelation in the error terms of both equations.
The estimator is applied to male and female samples taken from the German Socio-Economic Panel (GSOEP). We find the health variable to be reported with error and a number of tests provide evidence that corrections for nonrandom selection into the work force are indicated in both the female and male sample. We show that the impact of health on wages is statistically different from zero for men only. For them, a highly significant effect of health on wages, associated with a health premium of up to 7.8 percent, is found and cannot be eradicated by applying selection correction. Considering nonrandom selection into the work force is, however, associated with lower wages on each health level for both genders.
The remainder of this paper is structured as follows: the starting point is a discussion of specification issues and resulting problems, followed by a detailed overview of the estimation methods in Section III. The ensuing Section IV provides data descriptions and discusses various specifications of the health variable. In Section V, we report estimation and test results. Section VI concludes.
II. Model Specification and Resulting Problems
To fix ideas, a simple model of how health affects wages is presented. A firm produces Y t at time t ‫ס‬ (1,2,...,T), using effective labor L t as the single input in producing Y t . The firm's production function is given by Y t ‫ס‬ F(L t ), and the amount of effective labor can be written as 
͚ i i i,t i,t i,t i‫1ס‬
where is labor supply of employee i, and is an unknown function that ᐉ p (•) and to the latter part as health effect. Workers are paid according to their marginal productivity, and so the log wage of each employee can be written as
such that wages are determined by firm-level supply and demand factors as log F L t well as by the employee-level human capital and health effects.
In what follows, we describe the operationalization of the latter two effects and derive the baseline econometric model.
A. The Human Capital Part
The human capital part of p i (•) is approximated using a specification similar to Mincer (1958 and 1974) . He suggested that log wages are linear in the years of schooling, and linear and quadratic in the years of labor market experience. Romeu Gordo (2006) , however, finds evidence for the existence of a positive relationship between unemployment and health satisfaction using GSOEP data. On this account, we include unemployment rather than working experience. Adding an age variable then implicitly controls for work experience as well. Furthermore, human capital theory suggests using firm tenure as a proxy for the firm-specific investment in human capital. Because firm tenure (and its square) is more closely related to labor productivity than the general working experience is, it should cause an extra increase in wages.
B. The Health Effect
As stated earlier, health is an essential part of human capital and will thus affect labor market productivity which in turn determines wages. We use self-assessed health satisfaction as our key explanatory variable, the definition and functional form of which is discussed in detail in Section VA.
C. Dependent Variable and Baseline Specification
While health as a part of human capital directly affects productivity, it also can be considered an endogenous capital stock, which according to Grossman (2001) determines the amount of time an individual can spend participating in the labor market. One reason that the number of hours worked diverges somewhat across individuals may therefore lie in differences in health status and so we will use hourly wages rather than monthly earnings as the dependent variable.
The above model can then be parameterised as follows: Grossman (2001) suggests that the rate of return to (gross) investment in health equals the additional availability of healthy time, evaluated at the hourly wage rate. This means that health should rise with wages as the marginal benefits of health investment increase with the wage rate, implying that is simultaneously determined along with . As we employ h w i,t i ,t self-reported health satisfaction, measurement error also can be an important source of bias. In the absence of an "objective" measure, such as a physician's evaluation of overall health, ␦ will likely be biased toward zero. Another problem arises if a random sample drawn from the overall population is not available. In this study, we aim to identify the effect of health on the labor market productivity for all individuals, thus a bias may result from the fact that individuals endogenously decide to participate in the labor market. If some of the factors determining participation also affect health and wages, selection correction methods are in order. Omitted variable bias is also a cause of concern. Disregarding, for example, the genetic endowment of a person could lead to biased estimates as it may at the same time impact health status and hourly wages. 4 The following section explains how we deal with these issues econometrically.
III. Econometric Approach
As indicated above, the goal of this work is to make statements about the impact of health on wages for the entire population. Thus, with panel data, employing a simple within estimator is a reasonable approach only when we can be sure that the decision to participate in the labor market is either randomly determined, or fully covered by the observable variables, or the fixed effect. In the context of this paper it is entirely conceivable that unobserved time varying health determinants such as the lifestyle an individual engages in (think of alcohol, nicotine, sports), or motivation affect selection and will not be covered by the fixed effect. This kind of selection will then influence wages through the error term and lead to inconsistent estimation. To overcome the selection problem, the following model is estimated: * * w ‫␤ס‬ ‫ם‬x ␤ ‫ם‬y ␤ ‫ם‬c ‫ם‬u , (4)
2. Interaction terms between the occupational status and the health variables as well as between age and health were found to be statistically insignificant and consequently dropped from the final model. 3. Variable descriptions are shown in Appendix Tables A1 and A2. 4. Past shocks (such as heart attacks, accidents, etc.) may affect current state of health (Contoyannis, Jones, and Rice 2004, and Halliday 2008) . As far as differences in the ability to cope with such (past) health shocks aren't covered by unobserved effects, endogeneity may be introduced. Considering the full dynamics of health on top of all sources of endogeneity mentioned above is, however, beyond the scope of this paper. Wooldridge (1995) and construct standard errors robust to serial correlation and heteroskedas-5. Dustmann and Rochina-Barrachina (2007) call this condition "contemporaneous exogeneity" of the selection process. 6. It should be noted that this assumption is rather restrictive, as it allows only for time-invariant unobserved effects to be correlated with the explanatory variables in Equation 4. For time-variant latent variables Wooldridge's (1995) estimator may thus be inconsistent. ticity, which also are adjusted for the additional variation introduced by the estimation of T probit models in the first step.
While estimation of Equation 8 assumes (strict) exogeneity of the explanatory variables, Semykina and Wooldridge (2006) provide an estimation method based on Wooldridge (1995) , q , q , ȳ , y ,
dard errors robust to serial correlation and heteroskedasticity are calculated as suggested by Semykina and Wooldridge (2006) . They are adjusted for the additional variation introduced by the estimation of T probit models in the first step and they also account for the use of the pooled 2SLS estimator.
IV. Data and Descriptives
The data used in this analysis are taken from twelve consecutive annual waves of the German Socio-Economic Panel Study (GSOEP), provided by the German Institute for Economic Research (DIW). The GSOEP, which is representative of the German population, started in 1984 with about 12,200 observations from the western German states. In June 1990, another 4,400 individuals living in the territory of the former German Democratic Republic were added in order to expand the GSOEP to the eastern part of Germany.
A. Sample Construction
For the empirical analysis, we use observations from all subsamples between 1995 and 2006, with the exception of samples G ("Oversampling of High Income Households") and H ("Refreshment 2006"). 7 We extract data on the variables described Participation in the labor market is constituted by having worked for pay in the month before the interview. In the participation equations, both working and nonworking adults are used for estimation. Since the econometric approach includes linear probability models, which exploit within transformations, individuals who appear for only one year are removed from the estimation sample.
Appendix Table A2 shows how the stepwise exclusion of different groups leads to an estimation sample of 9,277 females and 8,847 males, resulting in 57,203 and 57,419 observations, respectively. For the estimation of the wage equations, persons who participate in the labor market for only one year are dropped from the sample. Due to this restriction and because individuals with missing wages who declare participation are defined as participating in the selection equations, the number of observations in the wage equations differs from the working population in the probit sample.
In the time period considered, about 69 percent of the female and around 86 percent of the male sample population participate in the labor market and male real hourly wages are on average about 0.22 log points higher than those of women. Appendix Tables A7 and A8 compare variables in the participation equations for working and nonworking individuals, Appendix Tables A9 and A10 provide detailed summary statistics for variables used in the wage equations.
8. Usual hours are chosen due to their invariance to short term health problems. Including the effects of short-term health issues on hours may bias hourly wages upward as paid sick days are common practice in Germany. Contractual hours are used instead of usual working time whenever the former exceed the latter. 9. For this purpose, Consumer Price Indices included in the $pequiv files of the GSOEP are used.
B. Health Variable
The GSOEP health measure asks individuals to state how satisfied they currently are with their health on a category scale ranging from zero to ten. As the functional form is a priori unclear, three specifications of the health variable are employed in order to gain insight into the relationship between health and participation/wages: (i) without any further transformations, implying a log-linear relationship; (ii) using a log-log model, as suggested by Equation 2; 10 and (iii) splitting health satisfaction into four dummy variables, thus producing a flexible nonlinear specification.
11 Appendix Table A4 shows results of these preliminary regressions for both the wage and participation equations.
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The coefficients of the health variable(s) turn out to be significantly different from zero in all specifications, for both women and men, and in the wage and participation equations. An important observation is that health satisfaction affects wages and labor market participation nonlinearly. This becomes evident in both the log-log and the dummy specification. In the latter, throughout the categories excellent, good, and medium health, an increasing effect of health satisfaction at a diminishing rate is revealed. For example, in the case of female labor supply, reducing health from excellent to good (0.001) has a much smaller effect than reducing it further to medium health (0.021). Equally stated, diminishing health from excellent to good (0.006) in the male sample affects wages less strongly than reducing it from good to medium (0.03).
Based on these results and given that almost 90 percent of the observations are allocated over the categories excellent, good, and medium health (see Appendix  Table A3 ), the health measure should exhibit some kind of nonlinear specification, where wages and the probability to work increase with health at diminishing rates. For pragmatic reasons, instead of choosing the more flexible dummy variable specification, we decide to rely on the log-log structure. First, its functional form most closely approximates the model suggested in Equation 2. Second, only one instrument is needed when implementing the log-log form, which is especially important for the IV-approaches of the participation equations in V.A. Finally, it still allows for increasing returns to health at a decreasing rate-the relevant functional form for 90 percent of all observations. The observed mean of this log-health variable for working females between 1995 and 2006 is 2.579, while the value for nonworking women is smaller at 2.482 log points. For males, the working to nonworking health ratio is 2.594 to 2.40. The hypothesis of the equality of means between the working and nonworking group can be rejected on the basis of two standard t-tests, t ‫ס‬ 25.22 (p-value ‫ס‬ 0) for females and t ‫ס‬ 39.73 (p-value ‫ס‬ 0) for males.
Health satisfaction is transformed as follows:
, which is a parallel trans-
lation of the log function, where .
11. According to the frequency distribution in the appendix (Appendix Table A4 ), we define poor (Category 0-4), medium (Category 5-6), good (Category 7-8), and excellent health (Category 9-10), where the first one serves as base category. 12. To make parameters directly interpretable, we employ linear probability models to estimate the participation equations in Columns 4, 5, and 6. In all specifications further explanatory variables (see Tables  3, 4 and Appendix Tables A6, A7 ) are included but not reported.
V. Empirical Results

A. Participation Equations
Health is expected to influence the decision to participate in the labor market as well as wages. Thus, in order to gain insight on the extensive margin, Appendix Tables A5 and A6 present estimation results for the Mundlak-type specification needed for the Wooldridge (1995) and Semykina and Wooldridge (2006) estimators as well as five additional specifications. The exclusion restrictions we propose are: nonlabor income, a binary variable for having a partner, partner's net wage and second degree polynomials of the partner's age, labor market experience, and education as well as an indicator variable for whether the partner variables were missing though the presence of a partner is reported.
As a means of coping with the possible endogeneity of health in the participation equation, we employ computationally undemanding (FE-)IV linear probability specifications in Columns 3 and 4. Here, the number of doctor visits in the last three months serves as an instrument for the health variable. 13 The intuition is that "doctor visits" approximate past investment and depreciation in health and account for past shocks affecting current health satisfaction. At the same time, "doctor visits" should not have an effect on wages other than through health status.
14 Columns 1 and 2 display pooled OLS and within results to allow a check of the IV specifications against naïve estimators.
The estimated coefficients of the health variable turn out to be significantly different from zero for both women and men and in all four linear specifications. Comparing the parameters in Columns 3, 4 with Columns 1, 2 shows that, as is expected in the presence of measurement error, the coefficients of health satisfaction using IV methods are larger than those in the pooled OLS or within model. 15 On the other hand, the inclusion of unobserved effects reduces the estimated parameters in Columns 2 and 4 in comparison to Columns 1 and 3, that is, correlation between the health variable and latent individual heterogeneity is associated with an upward bias.
Column 5 provides a pooled probit model, which assumes that the explanatory variables are independent of any unobserved effect.
16 Column 6 applies the Mundlak specification-as laid out in Section III-to the pooled sample. Based on the above 13. For an example of how an endogenously reported health measure may affect wages see Stern (1989) . In his paper he uses symptoms or diseases as instruments for endogenously reported disability and labor force participation. 14. One issue our instrument probably doesn't resolve is that people may justify nonparticipation in the labor market by reporting low health, such that there is actually an omitted variable, say, "motivation." If these individuals visit physicians in order to justify their nonparticipation in the same fashion, the instrument may be invalid. However, as long as physicians do not issue sick notes to people who are healthy, there is really no reason to arrange such appointments. Additionally, as long as "motivation" is time invariant, the individual effects in Column 6 should take care of the problem. 15. Heteroskedasticity robust, regression based Hausman tests in the spirit of Wooldridge (2002) confirm systematic differences between the health coefficients in Columns 3, 4 and 1, 2. 16. In Columns 5 and 6, a robust variance covariance matrix accounts for the fact that observations are correlated within individuals over time. Under more restrictive assumptions, "traditional" random effects probit estimation is possible; results for these models are available on request. mentioned hints that "health satisfaction" may be endogenous in the selection equations, in the pooled probit (Column 5) and Mundlak-type (Column 6) specifications the possibly endogenous "health satisfaction" variable is replaced by "number of doctor visits" which we assume to be exogenous and which reflects health satisfaction. Thus, the "doctor visits" variable effectively serves as an additional exclusion restriction, increasing their total number to eleven. This procedure follows Semykina and Wooldridge (2006) and Dustmann and Rochina-Barrachina's (2007) method. It is strictly necessary for the Semykina and Wooldridge (2006) estimator and also applied to the pooled probit estimator in order to enable comparison. In line with Columns 1 through 4, a higher number of doctor visits (that is, lower health) is associated with a significantly lower probability of participation in both probit specifications.
As coefficients in linear and nonlinear models cannot readily be compared, Table  1 provides participation probabilities of "average" individuals, which differ only with respect to their state of health (actually, they differ only with respect to the mean values of health/doctor visits within each of the four health categories poor, medium, good, excellent (see Section VA). For a healthy woman, the pooled probit probability of participation (Column 5) is 13 percentage points higher than for a female of poor health. Controlling for correlated individual effects (Column 6) reduces the probability difference to a mere 1.5 percentage points. The linear specifications in Columns 1 and 2 reveal the same pattern: When applying pooled OLS the probability to work is about 11 percentage points higher for healthy than for unhealthy women; the gap shrinks to two percentage points when implementing the within transformation. Columns 3 and 4 display the instrumental variables estimates. Again, the fixed effects approach reduces the probability gap; however, the magnitude of the gaps is larger than without controlling for endogeneity.
The male probit estimates show the probability difference between healthy and unhealthy individuals to vary between one percentage point when the pooled probit estimator is considered and 0.5 percentage points when controlling for the interaction between individual effects and the health variable. In the linear specifications, the corresponding values (Columns 1 and 2) are around 13 and four percentage points, respectively. Finally, allowing for the endogeneity of health satisfaction expands the probability gap to 22 and 16 percentage points, respectively.
Results for most of the other variables are as expected (see Appendix Tables A5  and A6 ). For both women and men, the participation probability increases with age (at a decreasing rate) and education.
17 Living in the eastern part of Germany is associated with lower participation for men, while the effect is positive for women (the female population in the eastern region also has a higher participation probability than their western counterparts, probably rooted in the socialist past). Being of non-German origin and the amount of nonlabor income has a negative influence on the probability of labor market participation. An increasing labor market attachment of the partner tends to reduce the probability to work for women and has a tendency to increase the participation probability in the male population, yet some of the partner and children variables exhibit the same sign for women and men, 17. For women, in some of the linear specifications the probability to work decreases with age. Tables A5 and A6 ). 57,203 observations from 9,277 female persons and 57,419 observations from 8,847 male individuals. Except for health satisfaction in Columns 1-4 and doctor visits in Columns 5 and 6, probabilities are accounted at the mean values of all covariates. The state of health is defined as: poor (Categories 0-4), medium (Categories 5-6), good (Categories 7-8), and excellent (Categories 9-10) health.
which means that the effects are somewhat ambiguous overall. For both sexes, the number of children in different age categories mostly reduces the individuals' labor market attachment and the partner's net wage is associated with a decreasing working probability in most specifications for both females and males.
B. Wage Equations
Since the core interest of this study is the estimation of the wage equation (Equation  3) , results for six different estimation methods are given in Tables 3 and 4 . Columns 1 through 3 in each table display results for OLS, FE, and Wooldridge's (1995) estimator, all of which assume health to be exogenously determined. In both Tables  3 and 4 , endogeneity of health is allowed for in the pooled 2SLS (Column 4) and FE-2SLS (Column 5) specifications as well as in Semykina and Wooldridge's (2006) estimator (Column 6).
A. The Instruments
For Specifications 4 through 6, the set of instruments consists of all 11 variables that serve as exclusion restrictions in the participation equations (including "doctor visits," see Section VA). To check the rank conditions on the 2SLS estimators, Ftests on the joint-significance of the instruments in the first step regressions are conducted. For both women and men, and for all econometric models the null hypotheses are rejected at any sensible level. Overidentification tests strongly reject the null hypotheses of no correlation between the instruments and the error of the wage equation for both sexes in the pooled IV and FE-2SLS estimations (Columns 4 and 6). When testing for overidentifying restrictions in Semykina's and Wooldridge's (2006) framework, however, no correlation between the instruments and the error in the wage equation is detected. This is in line with Semykina (2007) , who shows that if instruments enter the selection equation, "[. . .] they will be inevitably correlated with [. . .] ," the error term of the selected sample. Consequently, if a selection bias exists-which is the case here (see Table 2 )-overidentification tests will detect endogeneity of the exclusion restrictions. Thus, rejecting the null hypothesis in the pooled IV and FE-2SLS approach is just another way of stating that selection bias is present.
B. The Selection Effects
A preliminary check for the presence of selection bias can be carried out by Wald tests on the joint significance of the inverse Mills ratios (Table 2 ). In Columns 1 and 2 we follow Wooldridge (1995) and conduct "variable addition" tests, as first proposed by Verbeek and Nijman (1992) . It is assumed that no further endogeneity problems occur and under the null the standard within estimator is valid. In Columns 3 and 4 tests in the spirit of Semykina and Wooldridge (2006) are carried out, where the null hypothesis suggests to use the FE-2SLS estimator. For women and men alike, the null hypothesis is strongly rejected and this evidence of selection bias in both the FE and the FE-2SLS framework indicates that use of the methods introduced in Section III is in order.
18
C. Health and Wages
While good health significantly increases participation for both men and women, the impact of health on the wage rate differs quite a bit across genders. For males (Table  3) , the parameter of the health variable using pooled OLS (0.041) is higher than the coefficient in the fixed effects model (0.013). Both effects are significantly different from 0 at the 1 percent level. Controlling for selection lowers the significance level to 5 percent and reduces the coefficient even further (0.011), but differences between the FE and the Wooldridge (1995) estimator are practically small. This suggests that using the FE estimator already accounts for most of the bias introduced by the 18. For both women and men, the inverse Mills ratios are negatively correlated with wages in most years (coefficients not reported). Since the IMRs are inversely related to the estimated probabilities of being employed, the negative coefficients indicate that a higher participation probability is associated with an above average salary. correlation between the health variable and unobserved individual heterogeneity. Turning to the 2SLS models, a comparison of the parameters shows that the coefficients of health satisfaction in Columns 1, 2, and 3 are smaller than their 2SLS counterparts in Columns 4, 5, and 6 which is to be expected if self-assessed health is error-ridden. Within the instrumental variable framework, the (significantly estimated) parameters again exhibit substantial differences. Using pooled 2SLS is associated with a coefficient of 0.046, whereas implementing FE-2SLS yields the highest parameter of 0.062. Though less precisely estimated, controlling for selection scales the health coefficient down to 0.041. For the Mundlak-type estimators in Columns 3 and 6, a Wald test of the joint significance of the unobserved individual effects is carried out and in both cases indicates correlated individual effects. Selection tests, where now the assumptions under the null hypothesis are more restrictive than those underlying the tests in Table 2 again reject the null of no selection effects in Columns 3 and 6. Finally, endogeneity tests show systematic differences between the health coefficients in Columns 2 and 5. The same six econometric models using the female sample are presented in Table  4 . The results, however, are less intuitive than in the male sample. As with men, selection corrections are indicated by Wald tests on the joint significance of the IMRs for the models in Columns 3 and 6. In these specifications Wald tests confirm the presence of correlated individual effects just as in the male sample, whereas endogeneity tests suggest that the health variable is exogenous in Columns 1, 2, and 3. Throughout all specifications, only pooled OLS points to a significant effect of health for females. Therefore, summarizing the above, it seems that for women, health has only a negligible effect on wages (intensive margin), though there exists a significant effect on labor market participation (extensive level).
In an attempt to give an idea of the economic significance of the above results and in order to facilitate comparison of the various estimators, Table 5 provides predicted wages for four "average" individuals, who differ only in their state of Table 3 Wage Equations, Men, 1995 -2006 
Firm size (base category: Tables 3 and 4) . 47,746 observations from 7,679 male persons and 37,670 observations from 6,560 female individuals. Except for health satisfaction and the IMRs, wages are accounted at the mean values of all explanatory variables. The state of health is defined as: poor (Category 0-4), medium (Category 5-6), good (Category 7-8), and excellent (Category 9-10) health.
health. 19 For a male in excellent health, pooled OLS predicts real wages to be about 5 percent (0.62 Euro) higher than for a male person suffering from poor health.
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Accounting for individual heterogeneity in Column 2 reduces the wage gap to about 0.19 Euro or 1.5 percent. Whenever nonrandom selection into the work force (Wooldridge 1995) is additionally considered, hourly wages decline on each health level and the wage differential in Column 3 shrinks to 1.3 percentage points (0.15 Euro) when compared to the within estimator. Predictions are slightly different when implementing instrumental variable techniques. The wage gap between individuals 19. Since the individuals' health status also affects the probability of participating, we calculate "mean" IMRs (over time and person), which differ with respect to the corresponding health groups. Hence, the simulations in Table 5 are based on mean values of all explanatory variables in the wage equations except for health satisfaction and doctor visits, respectively, as well as the inverse Mills ratios. 20. In order to obtain hourly wages we exponentiate predicted log wages. This procedure differs somewhat from the one proposed by Kennedy (1983) . However, we conduct sensitivity tests based on the pooled OLS estimates and find the differences between Kennedy's method and our predictions to be negligible. who are highly satisfied with their health status and those suffering from poor health is about 0.69 Euro (5.7 percent) in Column 4 and 0.90 Euro (7.8 percent) in Column 5. Again, wages are reduced in each health group whenever sample selection is accounted for. Here, the wage premium for being in excellent health is estimated to be around 0.56 Euro (5.1 percent).
The differences in real hourly wages between healthy and unhealthy females range from 0.6 percent to 3.7 percent, conditional on the method of estimation. Since all estimators with the exception of pooled OLS lack sufficient precision, simulation results in the female sample must be interpreted with caution. Keeping this in mind, the decline in wages induced by accounting for nonrandom selection into work (Columns 3 and 6) is fairly strong in the female sample. This finding is rooted in the fact that integrating the large share of nonparticipating females into the work force would drastically reduce average wages.
D. Other Results
Aside from our main interest in the effect of health on wages, concave wage profiles are found with respect to firm tenure in all specifications and for women and men. Given the high unemployment rates in Germany, it is of practical relevance to see that in all models past unemployment periods go with significantly lower wages (at an increasing rate), whereas education positively affects participation and comes with a rate of return per additional year of schooling of 4.2 percent for women and approximately 3.4 percent for men.
Results for most of the other variables are as expected. For both women and men wages increase at a decreasing rate with age. Working in the eastern part of Germany or being in parttime employment reduces salaries. In the pooled specifications in Columns 1 and 4, a larger average number of job seekers in the federal state negatively influences wages, whereas an increase in the number of employed raises the wage rate. Women and men working in large firms ( Ն 2,000 employees) earn significantly more than in medium-sized firms, who in turn earn more than males and females employed in small firms. These effects persist when controlling for individual heterogeneity and selection, albeit smaller in magnitude. The number of children (especially 0 to 5 year olds) is associated with higher wages in the male sample, whereas results in the female sample are insignificant in most specifications. Finally, as for the structural factors affecting wages, we find industry and occupational wage differentials in all models and irrespective of gender, Wald tests confirm the joint significance of six occupational and nine sector dummies at any sensible level.
VI. Conclusion
In this article, we employ recently developed estimation methods by Semykina and Wooldridge (2006) in order to control for selection, individual heterogeneity, and endogeneity in one comprehensive framework and apply them to the question of whether health has a causal effect on wages. A number of tests provide evidence that corrections for nonrandom selection into the work force are necessary in both the female and male sample, and the health variable is found to suffer from measurement error. Our results show that good health raises wages for men, while for women there appears to be no significant effect. The fact that predicted participation probabilities in the probit models are more contingent on health for the average woman than they are for the average man is in line with this finding, providing tentative evidence that for females health may mainly affect participation, while for males the effect is essentially to be found on the intensive margin.
A question for further research that immediately comes to mind is whether investment in improved health status is worthwhile at the micro or macro level. While monetary gains from being in good health are calculated in Table 5 , these results are not very informative from a welfare point of view, which must take into account individual utility gains and adequate cost measures. Another task for future research could be the estimation of an "all-encompassing" model which takes into account all sources of endogeneity mentioned in this article and additionally tries to address dynamic effects in the state of health. -F, 1995-2006 . All specifications (including the linear probability models in Columns 4, 5, and 6) are estimated using pooled OLS. Robust standard errors are in parenthesis: * significance at ten, ** at five, and *** at 1 percent. The state of health in Columns 3 and 6 is defined as: poor (Category 0-4), medium (Category 5-6), good (Category 7-8), and excellent (Category 9-10). Further explanatory variables are included (see Tables 3, 4 and 10, 11), but not reported. * significance at ten, ** at five, and *** at 1 percent. Year dummies are included in each procedure but not reported. a) Robust standard errors are provided; b) t-tests on the significance of the instrument in the 1st step regressions confirm that the rank condition for identification of the IV estimators is fulfilled; heteroskedasticity robust, regression based Hausman tests provide evidence for the endogeneity of the health variable on the 1 percent significance level. c) Standard errors are robust to serial correlation in the individual scores across t; d) unobserved effects are specified as a linear projection on the (within) means of the regressors. GSOEP 1995 GSOEP -2006 , own calculations. All summary statistics are on individual-year level (37,670 observations). Individuals with participation in only one year and individuals with missing wages are dropped from the sample. a. For dummy variables, the base categories are given in parenthesis; b. the reported sample statistics for these variables are conditional on nonmissing data (Dummy flag missing ‫ס‬ 0) and having a partner/being married (Single ‫ס‬ 0).
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